Background: Control systems engineering methods, particularly, system identification (system ID), offer an idiographic (i.e., person-specific) approach to develop dynamic models of physical activity (PA) that can be used to personalize interventions in a systematic, scalable way. The purpose of this work is to: (1) apply system ID to develop individual dynamical models of PA (steps/day measured using Fitbit Zip) in the context of a goal setting and positive reinforcement intervention informed by Social Cognitive Theory; and (2) compare insights on potential tailoring variables (i.e., predictors expected to influence steps and thus moderate the suggested step goal and points for goal achievement) selected using the idiographic models to those selected via a nomothetic (i.e., aggregated across individuals) approach. Method: A personalized goal setting and positive reinforcement intervention was deployed for 14 weeks. Baseline PA measured in weeks 1-2 was used to inform personalized daily step goals delivered in weeks 3-14. Goals and expected reward points (granted upon goal achievement) were pseudo-randomly assigned using techniques from system ID, with goals ranging from their baseline median steps/day up to 2.5× baseline median steps/day, and points ranging from 100 to 500 (i.e., $0.20-$1.00). Participants completed a series of daily selfreport measures. Auto Regressive with eXogenous Input (ARX) modeling and multilevel modeling (MLM) were used as the idiographic and nomothetic approaches, respectively. Results: Participants (N = 20, mean age = 47.25 ± 6.16 years, 90% female) were insufficiently active, overweight (mean BMI = 33.79 ± 6.82 kg/m 2 ) adults. Results from ARX modeling suggest that individuals differ in the factors (e.g., perceived stress, weekday/weekend) that influence their observed steps/day. In contrast, the nomothetic model from MLM suggested that goals and weekday/weekend were the key variables that were predictive of steps. Assuming the ARX models are more personalized, the obtained nomothetic model would have led to the identification of the same predictors for 5 of the 20 participants, suggesting a mismatch of plausible tailoring variables to use for 75% of the sample. Conclusion: The idiographic approach revealed person-specific predictors beyond traditional MLM analyses and unpacked the inherent complexity of PA; namely that people are different and context matters. System ID provides a feasible approach to develop personalized dynamical models of PA and inform person-specific tailoring variable selection for use in adaptive behavioral interventions.
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Introduction
Since the National Research Council report [1] , there has been an explosion of interest in "precision" medicine and related efforts, such as personalized digital health interventions to foster behavior change. While the exact definition of precision medicine is still being specified, a general theme of the various efforts is that individual differences, contextual differences, and changes to both, the person and context over time can all be taken into account to provide the optimal intervention for a particular person when they need it. Within the realm of digital health/mobile health and persuasive technologies (henceforth labeled 'mHealth') for behavior change, taking individual differences into account requires the empirical development of decision policies that can use information about people in the form of tailoring variables to specify the selection of one intervention option over another [2] . Tailoring variables can be defined as predictors that are expected to moderate the effect of the intervention for a given individual [2] . Tailoring can be static, using time-invariant predictors (e.g., sex), or dynamic, using time-varying predictors, such as different states of the individual (e.g., stress, busyness) or different contexts (e.g., at home vs. at work; day of the week) for more personalized adjustments of the intervention dosages over time [3] [4] [5] .
Much within-person or intra-individual variability in behavior and psychological processes exists. Specifically, since many of these processes have time-varying characteristics, they are thought to be nonergodic processes, i.e. they are heterogeneous across people and across time [6] [7] [8] . Yet, most researchers, even those studying time-varying variables, pool individuals together and make 'aggregated' between and within-person predictions (referred to as nomothetic approaches) to model responses to interventions [6, 9, 10] . Although a significant overall effect might indicate a strong influence of a variable on an outcome or its role as a moderator of an intervention's effectiveness for a typical subgroup, there are often many individuals who respond differently than the average person or whose data do not fit the population model [11, 12] . For example, a nomothetic model might identify stress as a moderator of the relationship between a physical activity (PA) intervention and PA. The model could indicate that, on average, individuals respond well to the intervention on days that they are less stressed, but not on days that they are highly stressed. A follow-up question might be: Is it possible that this relationship does not hold for everyone? Could there be some individuals whose activity is not as affected by their stress levels but instead by some other aspect of their life (e.g., day of the week)? Could there be some individuals that respond more favorably to the intervention when stressed? Moreover, could this relationship change over time? This information is largely averaged out when nomothetic approaches are utilized, unless very clear moderation hypotheses are specified that would account for differential responses. Some of the above questions about individual differences can be answered by using analyses that allow specification of not only fixed (aggregated) but also random effects (individual deviations from the group mean). But even these analyses place greater emphasis on the nomothetic insights, with the random estimates incorporated more as a mechanism of control as opposed to a unique research target, and the idiographic responses are examined in terms of how much individuals differ from group-level information [8, 13] . Secondary analyses comparing idiographic and nomothetic analyses conducted on the same data also show vast differences in inferences between the two approaches [7, 8, 14] , supporting the importance of further comparisons and highlighting that person-specific approaches may identify unique variables for behavior change leading to better explanation, prediction and control of complex behaviors. Overall, robust scientific practices that can support the creation of idiographic models are strongly needed.
With idiographic approaches, the aim is to make individualized predictions by examining within-person variation over time [6] [7] [8] . An experimental design and analytic suite of methods, called system identification (system ID) [15] is feasibly well matched to this problem as it provides strategies for developing idiographic dynamical models. The purpose of this paper is to present the methodology of system ID for creating individual dynamical models of behavior to support, among other things, tailoring variable selection. First, we describe our use case of an adaptive goal setting and positive reinforcement intervention for increasing Fitbit-measured steps/day. Next, we describe the logic of system ID, followed by methods that were used to generate individualized dynamical models. Finally, we contrast findings from the idiographic analyses with those using a nomothetic, multilevel modeling (MLM) approach with respect to the match between plausible tailoring variables obtained from the nomothetic model, and each individual's dynamical model.
Adaptive approaches for physical inactivity
Physical inactivity is one of the leading behavioral risk factors associated with mortality worldwide, with most adults being insufficiently active [16] [17] [18] . PA is a complex behavior because both static and time-varying factors can impact an individual's ability to engage in PA over time (such as each day, week, month, etc.) [10, [19] [20] [21] . Therefore, it is a logical use case for exploring potential idiographic response patterns to treatments/interventions. In addition, within the realm of mHealth technologies targeting PA, it is increasingly being realized that one-size-fits-all approaches might not be enough to achieve sustained improvements in PA or to maintain users' interest and usage of the technology [9, 10, 22, 23] . Beyond this, work from persuasive technology research also suggests that in addition to factors such as perceived credibility of the system and interactive features such as providing feedback on performance, task-related support features such as tailoring and personalization of the intervention content (e.g., step goal itself) to be more responsive to a user's changing needs and context are important in order to develop engaging and potent technologies that shape PA behavior over time [24] .
Adaptive interventions are a class of interventions that recognize the need for dynamic decision-making and personalization of intervention components in addition to the traditional, static tailoring approaches used in most behavior change interventions [2] [3] [4] [5] . Adaptive interventions use time-varying tailoring variables to inform the intervention's decision framework and re-adapt continually over time as the intervention progresses.
Behavior change techniques of goal setting and positive reinforcement lend themselves well to adaptive interventions and are foundational to many treatment approaches and mHealth technologies [25] [26] [27] .
Step goals can be adjusted and communicated daily with reward points for goal attainment using smartphones and step-based wearables. Previous studies have shown that interventions assigning daily step goals that adapt to a person's own PA levels over time and reward goal achievement via points and financial incentives were more successful in increasing steps/day as compared to interventions with a static daily goal of 10,000 steps/day [28, 29] or as compared to a nointervention control group [30] . In addition, results from Adams et al. [29] showed that the group receiving adaptive goals exhibited a slower decline in steps over the duration of the intervention, suggesting that adaptive goals were more successful in maintaining the increases in PA over the 4-month intervention period. This work highlights the potential for adaptive interventions to foster sustained behavior change, though further work is needed. For example, one area of future work could be to take into consideration factors that impact a person's daily steps beyond the intervention, such as weather, location, day of the week, social settings, or even psychological factors such as self-efficacy, commitment to being active or perceived stress. Insights on those factors, particularly if created at an idiographic level should, theoretically, support even more targeted and appropriate suggested step goals and points. The focus of the current study is to develop individualized models that can inform this target of selecting person-specific timevarying tailoring variables that can be used in adaptive goal-setting interventions.
Control systems engineering in behavioral research
Control Systems Engineering is a field that studies how a dynamical system (for example, a model explaining daily PA behavior) can be regulated (by manipulation through an intervention) to achieve the
